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Smile and Learn is an EdTech digital publisher that oﬀers a smart library of close to 100 educational stories and gaming apps for
mobile devices aimed at children aged 2 to 10 and their families. Given the complexity of navigating the content, a recommender
system was developed. .e system consists of two major components: one that generates content recommendations and another
that provides explanations and recommendations relevant to parents and educators. .e former was implemented as a hybrid
recommender system that combines three kinds of recommendations. Among these, we introduce a collaborative ﬁltering adapted
to overcome speciﬁc limitations associated with younger users..e approach described in this work was tested on real users of the
platform. .e experimental results suggest that this recommendation model is suitable to suggest apps to children and increase
their engagement in terms of usage time and number of games played.
1. Introduction
Smile and Learn is an EdTech digital publisher that creates
and distributes educational mobile apps for children aged 2
to 10 and their families. .e company oﬀers a smart library
of around 100 stories and gaming apps to provide a complete
educational experience.
In addition to the content oﬀering, the library has a smart
component that gathers user information and analyses the
performance across applications to obtain a detailed snapshot.
Over time, the information regarding the state and the
progress can be used by parents and educators both as an early
warning mechanism and to keep track of child development.
.e idea of using technology to enhance learning is
hardly new. However, the increasing adoption of electronic
devices, both in educational settings and at home, has
created new opportunities to study user behavior and
performance. .is has allowed the development of a wide
range of applications that perform tasks like monitoring
progress [1] and student fatigue [2], scaﬀolding learners
[3], recommending open educational resources [4],
modeling learners [5], or predicting future performance
[6, 7], among many others. While some of these systems
work in ways that are nonintrusive and transparent to the
user, others provide direct feedback to the user or the
educator [8].
Smile and Learn intends to progressively add that kind of
functionality to the smart library, building on the metadata
derived from the interaction of the increasing number of
applications. Unlike other tools with a limited scope, focused
on the search for progress in a limited area like programming
[9] or even wider like a generic class [10], the smart library
follows a more global approach. It is closer to the aim of the
system described by Lopez-Fernandez et al. [11] for the
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domain of engineering students, as it covers a wide range of
cognitive skills together with the learning of values.
Due to the large number of alternatives on oﬀer, the
company has felt the need to develop a recommender system
to help the users navigate through the library, increasing
their engagement and the diversity of apps that they use. In
this paper, we will thoroughly describe the functioning of the
implemented recommender system. Additionally, we will
evaluate the performance of the system in terms of how
recommendations suggested to users impact the number of
games and playing time.
Recommender systems is a very active research ﬁeld
[12–14]. Among the areas of application that show more
potential, we can mention Education. .e research eﬀort
that is being devoted to this area is very important, and so is
the output in terms of academic publications and pre-
sentations made at conferences [15, 16].
.e implementation and utilization of recommender
systems for educational purposes is full of challenges [17].
.eir evaluation is also full of diﬃculties [18]. From an
algorithmic point of view, there are a number of approaches
that diﬀer widely in their degree of complexity and suit-
ability, depending on the context [19]. Among the most
popular ones, we can mention a few discussed in a recent
benchmarking exercise for learning environments by
Kopeinik et al. [20]: Most Popular [21], Collaborative Fil-
tering [22], Content-Based [23], Usage Context-Based
Similarity [24], Base Level Learning Equation with Asso-
ciative Component [25], or SUSTAIN [26].
As we will discuss in detail later, the recommender
system implemented in the smart library relies on a com-
bination of demographic and use data gathered by other
elements of the platform. .is is consistent with other ed-
ucational systems described in the literature [27]. .e system
consists of two major components: one that generates user-
oriented content recommendations and another that provides
explanations and recommendations relevant to parents and
educators. It is worth noting that the former was designed to
overcome speciﬁc limitations associated with younger
users, such as the diﬃculty to provide meaningful
feedback.
.e rest of the document is organized as follows: Section
2 provides a general description of the system, including an
introduction to the applications contained in the smart li-
brary, and the way in which the data are acquired and
processed. .at will be followed by Section 3 that discusses
the speciﬁcs of the recommender system implemented for
the case at hand. In Section 4, we report results of the ex-
perimental analysis used to evaluate the performance of the
algorithm. Finally, Section 5 will be devoted to summary and
conclusions.
2. Smart Digital Library
In this section, we introduce the Smart Digital Library. To
that end, we provide a brief description of the structure,
contents, and interaction with the system, followed by details
regarding the way data are captured and analyzed.
2.1. Structure and Use. .e Smart Digital Library (SDL) is
a single platform of interactive games and stories that also
provides access to proprietary apps designed following the
principles of the theory of multiple intelligences proposed by
Howard Gardner [28]. According to it, intelligence can be
diﬀerentiated into speciﬁc “modalities”, rather than being
dominated by a single general ability. Hence, each app is
focused on one of the speciﬁc abilities described in the
theory.
.ere are three types of apps in SDL: games, tales, and
quizzes. .ey reinforce multiple intelligences and cognitive
skills with memory, attention, coordination, and logic. .ey
are inspired in educational content and include a range of
diﬃculty levels adapted to children of diﬀerent ages and
development levels.
.e SDL is multilanguage, can be used at home, on the
go, or at school and provides recommendations to children,
parents, and educators.
.e smart library works in the following way: children
access the library through an app, downloaded by their parents
or educators via Google Play (Google Play is a digital distri-
bution service operated and developed by Google, http://play.
google.com) or the App Store (App Store is a digital distri-
bution platform, developed and maintained by Apple Inc.,
for mobile apps on its iOS operating system), which works
as a sole access point and storage space for all of the games
and interactive stories. From this app, parents and edu-
cators can download content for the child to use, which
will be saved in the device after playing.
Each child’s progress is registered, and relevant details
are made available to parents and educators through the
Learning Analytics Dashboard (LAD). .is component,
accessible from the app itself or a website, provides in-
formation on a child’s progress and playing time, as well as
recommendations for improvement. Currently, SDL has
more than 11 k monthly active users and more than 1.2M
total app records.
2.2. Data Acquisition and Processing. Child progress is
monitored by the system. .e platform keeps track of the
areas where the user shows better performance and also
those where the child faces more diﬃculties. Teachers and
parents are able to access the data from the platform, using
the LAD.
In order to extract correlations between apps played and
learning, we use a feedback platform, which provides time-
stamped output of app-related events (score, failures, bonus,
game mode, type of app, level, etc.). .e recorded ﬁelds
depend on the type of app played. .e information recorded
by the diﬀerent types of app is the following:
(i) Tales: time spent on reading the tale, together with
the level and reading mode (type of letter, reading,
listening, or pictograms).
(ii) Quiz: quiz level, time spent on completing the quiz,
number of hits, failures, and total number of
questions.
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(iii) Game: hits, failures, total of possible hits, time spent
on completing the game, score, bonus, and level.
.ese data are used to enrich the child’s proﬁle. With it,
the system estimates the mastery level according to multiple
intelligences. .is information is then employed by the
recommender system to personalize a suggestion list.
.e LAD shows the progress of the child and the pro-
portion of time that the user devotes to each application. As
will be explained in Section 3.2, it has been conceived to
communicate the learning stages of each player eﬀectively
and includes recommendations for parents and educators.
Its design follows closely numerous insights that were
provided in interviews with specialists.
.e recommender system plays a key role in the plat-
form. We describe the implemented solution in the section
that follows.
3. Recommender System
Recommender systems (RS) in this context are used to
personalize online experiences. .ey are based on the fact
that people’s tastes generally follow patterns. People tend to
like things that are similar to other things they liked before,
and they tend to have a similar taste to other people they are
close with. Among the alternatives mentioned in the in-
troduction, the two most popular are Content-Based (CB)
and Collaborative Filtering (CF) [29]. CB employs the de-
scription of the item and a proﬁle of the user’s preferences to
make recommendations. Meanwhile, CF generates recom-
mendations based on the preferences of similar users. As
stated before, research on recommender systems is a very
active ﬁeld. Education is one of the areas where applications
show great potential.
We aim at providing personalized recommendations that
enable children to interact better with the SDL..e ﬁrst release
of SDL showed the apps grouped by worlds (Figure 1(a)).
.ese worlds corresponded to the seven intelligences proposed
in Gardner’s theory; however, this user interface design had
a limitation: it was diﬃcult for children to ﬁnd the applications
they wanted to play. As a consequence, they always used the
same apps because they already knew where they were located.
Given the mentioned use pattern, one of the goals of the
RS was to design a frictionless SDL. .at is, we aim at
providing interactions that control the elements that inhibit
people from intuitively and painlessly achieving their goals
within a digital interface. For this purpose, we proposed a new
use experience design with a list of seven recommended apps
at the bottom of the screen (Figure 1(b)). In Section 4, we
present an analysis of the beneﬁts of this new design.
.eRS uses data collected by the feedback platform in order
to estimate the preferences of the child. We have also included
an explanation module in our recommender system which will
provide explanations of the recommendations to parents and
educators through the LAD. As we will see in Section 3.2,
explanations provide conﬁdence and trust in the RS.
In the SDL, the personalization focuses on estimating the
interest that a user will have in an application. For this, we
combine in a hybrid recommender system [30] several types
of algorithms, each one focused on one relevant aspect of our
apps and our users as it is explained below:
(i) Trending apps: recommends two apps from the
most widely played in our SDL to new users. .ese
recommendations often comprise apps that due to
their nature are very enjoyable to play regardless of
the user proﬁle.
(ii) Surprise of the month: recommends two apps taken
from the new monthly releases.
(iii) Collaborative ﬁltering: recommends three apps (not
yet played by the user) based on the preferences of
similar users.
.e results from each recommender are combined in
a unique list of outcomes with no further processing, where
the recommendations are listed in this order: ﬁrst, the
trending apps are shown. .ese are followed by the surprise
of the month and, ﬁnally, the CF recommendation. Given
that ordering might have an impact, and the fact that it has
not been optimized yet, our results might understate the
potential beneﬁts of the CF recommender system.
We have limited the size of the list of recommendations to
seven, since displaying a larger number could be diﬃcult in
certain screens, therefore worsening the user experience.
From this list, the majority of recommendations (three out of
seven) are generated by the CF recommender, whose strategy
we explain in further detail in the following subsection.
3.1. Collaborative Filtering Recommendation Strategy. .e
main goal of our collaborative ﬁltering recommender is to
select the apps of greatest interest to the target child
according to the preferences of other SDL users. CF is the
process of evaluating items using opinions of others. In the
SDL, CF techniques help to identify those apps which are
more useful and of more interest to each child in
particular.
We have explored the use of the well-known user-based
nearest-neighbor algorithm [31] in our CF. .is algorithm
generates predictions for users based on ratings from similar
users. First, the algorithm identiﬁes the users that, in the
past, exhibited a similar behavior. Next, it analyses their
ratings to identify the items that the target user should like.
.ese similar users are the neighbors.
We have adapted the general CF process to our domain.
.e neighbors are those children who have played at least
one application in common with the target user. Overall, the
adapted process runs as follows:
(i) Neighborhood formation. We form the neighbor-
hood in order to ﬁnd those children who are more
similar to the target child by using the data collected
by the feedback platform. .is step requires
a proximity measure to generate like-minded peers
and to select the top-K neighbors.
(ii) Rating prediction and top-K selection. For each app
played by the neighbors, we generate a prediction
using neighbors’ ratings. Finally, the top-K apps are
selected.
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Next subsections describe each step of the process.
3.1.1. Neighborhood Formation. .e ﬁrst step in the CF
process is the selection of the children who are more similar
to the target child, to form the neighborhood. Only children
who played at least one application in common with the
target child are candidates to form part of the
neighborhood.
.e child proﬁle includes demographic information
(e.g., age, gender, and education). Each app feedback also
stores information about the IP connection, device in-
formation, and duration of the session..is information will
be employed to measure the proximity of each user in order
to form the neighborhood.
Traditionally, CF takes into account the ratings
assigned by each user to each product to generate the
neighborhood and the predictions. .ese RS have focused
on users who are able to oﬀer explicit feedback them-
selves. However, in our domain, users will be children. It
is worth noting that children’s patterns of attention and
interaction are quite diﬀerent from adults [32], and they
are not capable of assigning ratings to the apps they play in
a meaningful way. For this reason, the metric used to build
the similarity matrix in our CF recommender system is
designed to rely on implicit rather than explicit feedback.
We have chosen a similarity metric deﬁned as the
weighted sum up of two relevancies: the age similarity
(ageSim) between the children and the number of common
apps (appSim). In this equation, the common apps account
for the fact of ﬁnding users with similar preferences, but the
metric also receives feedback based on the user’s age,
which is relevant in the context of children, where
preferences can change fast during growth. In order to
calculate the age similarity, we have picked a distance-
based metric using a threshold. To calculate the appSim,
we employ the app usage records. We will take into ac-
count the applications most played by the child in relation
to the total applications he has played. So, the more
applications two children have in common, the more
similar they are. Finally, the two indicators are combined
as follows:
similarity Ch1;Ch2    α  appSim Ch1;Ch2  
1− α  ageSim Ch1;Ch2  ;
1
where α ∈ 0; 1. .is similarity measure reports a value in
[0, 1] that represents how similar two children are according
to their proﬁles. .en, the top-K children with higher
similarity values with the target child are selected as
neighbors. We use the implicit feedback of these users to
perform our recommendation.
3.1.2. Prediction Computation and Top-K Selection.
Finally, we have to generate predictions for the proposed
apps. For each app, we analyze the records of children in the
target child’s neighborhood and we compute the weighted
average of ratings..e value of each weight is directly related
to the similarity of the target child and the corresponding
neighbor, computed during the neighborhood formation.
Once we have calculated the prediction for the candidate
apps, we sort them according to this value. .is way, the
most interesting apps for the target child (the top-K apps)
will be ﬁnally suggested.
3.2. Explanations and Recommendations for Parents and
Educators. .e last component of our recommender system
is the explanations module, which takes into account the
characteristics of each app and the potential beneﬁts that it
could provide to the child. It attaches a message to the list of
recommended apps and shows all this information in the
LAD (Figure 2). Our goal is to provide feedback to educators
and parents on how the use of certain apps can improve
learning, based on the analysis of the child’s use and progress
observed. When generating the explanation for a recom-
mended app, a phrase from among a set of predeﬁned
templates is selected and ﬁlled with information about the
app and the child. .is information will help parents and
educators to better understand how the recommended app
will inﬂuence the child’s educational process. .ese tem-
plates diﬀer based on the intelligence developed by the app
and stage of learning, in order to provide a more customized
(a) (b)
Figure 1: Screenshot of the smart library initial screen.
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experience. A real example of this kind of explanations could
be the following: “By playing Bubbles, Alex could develop
a variety of abilities such as spatial orientation, attention,
visual memory and logic-spatial reasoning.”
Displaying a plausible explanation along with a recom-
mendation can do wonders at almost no cost, i.e., without
making any changes to the underlying recommendation
algorithms. .e impact of explanations has been studied
extensively by Tintarev and Masthoﬀ [33]. Among the ad-
vantages, we could mention that it increases trust in the
smart library, eﬀectively helping parents and educators make
good decisions in choosing the most suitable apps for their
children.
4. Experimental Analysis
.e main purpose of the implemented recommendation
system is to facilitate the access to SDL, by limiting the
amount of information that the user has to go through
before starting to actually play, and the making the SDL
more attractive to the user by implementing personalized
suggestions.
.e evaluation that we present here will let us know
how the patterns of usage of the SDL are aﬀected by the
recommendation system. In order to do that, we will
analyze whether it has any impact on the use of the ap-
plications in the aforementioned context. Speciﬁcally, we
will study the impact of the recommender system on user
engagement in terms of number of games played and time
spent on the system, bearing in mind that we are in
a scenario in which players might have limited access to
their digital devices.
.e dataset used in this analysis covers the six-month
period between March and August 2018, both inclusive. .e
SDL is used both in educational settings, like schools, and
domestic ones. Given that the interaction in the former is
usually driven by teachers, and therefore, the recommender
system is unlikely to have any impact, we disregarded those
users. .e resulting sample included 4,876 unique users and
78 applications. Finally, we ﬁltered out the users for which
there was incomplete information, leaving us with a ﬁnal
4,712 users.
We only considered the applications available in the SDL
that can be suitably described as interactive apps; this dis-
tinction is pertinent because the applications that were left
out of the study have very diﬀerent interaction dynamics
(most of them can be considered tales, as the content is
limited to a story).
We proceed to give a detailed description of the metrics,
as well as the corresponding results. As we mentioned, we
will focus on two aspects of engagement.
.e formal deﬁnition of the average number of games
per recommended app for user i, ANGRi, is deﬁned by the
following expression:
ANGRi 
GamesRi
NumAppsRi
; 2
where GamesRi is the total number of games played by user i
on apps recommended to her, and NumAppsRi is the total
number of apps recommended to i. For this sake, we deﬁne
“game” as an event where the user has completed a level and
obtained a score that is registered.
.e complementary metric of ANGRi would be ANGNRi.
.e only diﬀerence between them is the fact that the latter
would consider the total number of nonrecommended apps,
and the number of times that they were played by the user.
.e second indicator of engagement is deﬁned in terms of
time, rather than the number of games.We therefore deﬁne the
average game time per recommended app for user i, AGTRi, as
AGTRi 
GameTimeRi
NumAppsRi
; 3
where GameTimeRi is the total accumulated time (in sec-
onds) spent by user i playing apps recommended to her, and
NumAppsRi is the total number of apps recommended to i.
Once again, the complementary metric, GameTimeNRi,
considers the total number of nonrecommended apps and
the total time accumulated by user i playing them.
.e experimental results are summarized in Table 1.
.ere, we report the mean, median, and standard deviation
by recommendation for the two indicators over the six-
month period from the beginning of March 2018 to the end
of August. As we can see, the evidence supports the positive
impact of the recommendation system on engagement.
.ere seems to be a strong positive connection between
being recommended and both a higher number of games
and more time spent using the SDL.
.e statistical signiﬁcance of the reported diﬀerences
between the metrics for the recommended apps and the
nonrecommended ones was formally tested. Once the null
hypothesis of normality was rejected for the distribution of
the four indicators using Lilliefors test (p< 0:001), we ap-
plied the Wilcoxon test to assess the diﬀerences. .ese were
Figure 2: Explanations of the recommender system.
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found to be signiﬁcant at the 1% conventional level
(p< 0:001).
In order to provide a better understanding of the im-
portance of the RS, we report the engagement metrics by
usage intensity in Table 2.
We identiﬁed the total time spent playing games by the
users of the SDL, regardless of whether the apps were
recommended or not, and classiﬁed them by quartiles. As we
can see, recommendations have more impact in absolute
terms on the most active users. However, among the least
active users, who sometimes limit their activity to opening
one or two games for a little time and then proceed to
uninstall the software, the eﬀects in relative terms tends to be
more important. .ese users, that do not know yet the li-
brary and have not had the chance to identify games that
they like, often rely on the suggestions of the recommender
to start the exploration of the SDL.
5. Summary and Conclusions
Smile and Learn’s digital library includes around 100 edu-
cational stories and gaming apps aimed at children aged 2 to
10 and their families. Given the complexity of navigating the
content, an RS was introduced to ease the process-improving
engagement.
Recommender systems are often based on explicit user
feedback. .is, however, is a factor, as the approach requires
users who are sophisticated enough to provide it. .is
imposes a major limitation in the children’s educational
technology space, for the patterns of attention and in-
teraction with the apps are quite diﬀerent from those of
adults. In particular, children have a limited ability in terms
of assigning ratings to the apps that they play. In order to
overcome his problem, we introduce an approach that takes
into account the above issues in order to enhance children’s
experience with the SDL.
.e RS that we present combines three kinds of rec-
ommendations. Among these, we introduced one based on
collaborative ﬁltering aimed at inferring what can be of
potential interest to users considering past user-item in-
teractions. .e approach, based on implicit feedback, adapts
the standard algorithm to the children’s educational app
domain as a two-step process that starts with a neighborhood
formation and ends with a rating prediction and top-K se-
lection. .e neighborhood formation is based on a similarity
metric, tailored to this domain that considers both age and the
number of apps in common among users. .e RS also in-
cludes an explanations module for parents and educators.
In this context, we have studied in Section 4 to what
extent has the RS achieved the goal of increasing engage-
ment. .e results support a direct connection between the
use of the RS and two closely related aspects of this construct
for gaming content: number of games and playing time.
Recommended apps show a higher average number of games
per recommended app than the nonrecommended ones, and
the average game time per recommended app by user shows
the same pattern. .e positive impact of the RS is both
substantial and statistically signiﬁcant.
Even though we found diﬀerent patterns depending on
the intensity of use, the RS has a positive impact regardless of
whether the users were among the most or the least active
ones. .e diﬀerence was that the impact in absolute terms
was higher among the most frequent users, whereas the
impact on the least frequent ones was higher in relative
terms. More casual users rely more on the recommendations
for their initial exploration.
.is latter aspect is relevant, as it suggests that the ﬁrst
contact with the SDL can be managed eﬀectively to favor
positive experiences. Given that, according to the data, to an
important extent, the ﬁrst selections do not come from
a rational analysis of the whole catalog of the SDL, but an
impulsive choice based on the alternatives oﬀered by the RS,
the system could focus the selection presented to new users
on trending apps..is possibility, yet to be tested, that would
disregard the other two algorithms, could potentially bias the
selection to increase the likelihood of a satisfying experience,
hence improving engagement.
We are currently exploring new ways of personalization
by aggregating information associated with the competency
level of users in each of the cognitive areas. In the future, we
will create a measure of proﬁle-similarity based on the
aforementioned capabilities in order to be able to provide
recommendations that make the learning process more ef-
fective. .is proﬁle-similarity measure will be employed to
recognize diﬀerent learning styles and playing habits mining
their feedback records. .is approach can also be used in
a clustering process that considers children habits and in-
terests to obtain better personalized recommendations.
Finally, this longer-term vision will be complemented by
near-term progress in two fronts: the optimization of the
process in charge of combining and representing the output
of the three subsystems of the described hybrid RS and
benchmarking its performance against other state-of-the-art
algorithms.
Table 2: Engagement metrics for game apps by recommendation
and for the period 1/03/2018–31/08/2018. Metrics grouped by
quartile of usage intensity.
Quartile
Number Time
ANGNRi ANGRi AGTNRi AGTRi
Q4 0.07 0.58 4.57 41.05
Q3 0.18 1.46 15.09 101.53
Q2 0.37 2.21 37.79 199.85
Q1 1.11 4.61 241.19 746.34
Table 1: Engagement metrics for game apps by recommendation
for the period 03/01/2018–08/31/2018.
Engagement metric Mean Median Std. dev.
Games
ANGNRi 0.43 0.18 0.88
ANGRi 2.22 1.05 5.81
Time
AGTNRi 74.79 18.66 300.21
AGTRi 292.84 103.49 2005.45
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Data Availability
.e usage data used to support the ﬁndings of this study were
supplied by Smile and Learn under license and so cannot be
made freely available. Data are available from Alejandro Bal-
dominos at alejandro.baldominos@smileandlearn.com with
the permission of Smile and Learn, upon reasonable request.
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